von Economo neurons (VENs) are bipolar, spindle-shaped neurons restricted to layer 5 of human frontoinsula and anterior cingulate cortex that appear to be selectively vulnerable to neuropsychiatric and neurodegenerative diseases, although little is known about other VEN cellular phenotypes. Single nucleus RNA-sequencing of frontoinsula layer 5 identified a transcriptomically-defined cell cluster that contained VENs, but also fork cells and a subset of pyramidal neurons. Cross-species alignment of this cell cluster with a well-annotated mouse classification shows strong homology to extratelencephalic (ET) excitatory neurons that project to subcerebral targets. This cluster also shows strong homology to a putative ET cluster in human temporal cortex, but with a strikingly specific regional signature. Together these results predict VENs are a regionally distinctive type of ET neuron, and we additionally describe the first patch clamp recordings of VENs from neurosurgically-resected tissue that show distinctive intrinsic membrane properties relative to neighboring pyramidal neurons.
Introduction
von Economo neurons (VENs) are a morphologically-defined neuron type with a large, characteristic spindle-shaped cell body, thick bipolar dendrites with limited branching and a moderate density of spines, and often an axon initial segment that emanates from the side of the cell body 1, 2, 3 . VENs have been described in several large-brained mammals, such as humans, great apes, macaques, cetaceans, cows, and elephants, but not in rodents 4, 5, 6, 7, 8, 9, 10, 1, 11 . In humans, they are restricted to the anterior cingulate (ACC), frontoinsular (FI), and medial frontopolar regions of cerebral cortex 12 , while in most other species they are also found in the frontal and occipital poles 13 and may not be restricted to layer 5. Fork cells, another distinctive morphological-defined neuron type, are often found in the same brain regions as VENs and are similarly characterized by a single large basal dendrite, but differ from VENs by having a divided apical dendrite 1, 14 . VENs and fork cells appear to be selectively vulnerable neuron types, as loss of these cells has been observed in behavioral variant frontotemporal dementia (bvFTD) 15, 16, 17 . Loss of VENs has also been observed in several neuropsychiatric disorders, including schizophrenia 18 and suicidal psychosis 19 , as well as in autism 20 , agenesis of the corpus callosum 21 , and possibly Alzheimer's disease 22, 23 .
Very little is known about VEN cellular phenotypes beyond their hallmark morphology, especially in human cortex. Human FI and ACC neurosurgical resections are extremely rare for functional studies, and VEN sparsity without some form of genetically-based labeling makes their analysis difficult. VENs have been described in rhesus monkey and tract tracing studies suggest that they might project to ipsilateral ACC and contralateral anterior insula 4, 24 , as well as to more distant targets in the parabrachial nucleus of pons and the midbrain periaqueductal gray 25, 26 . Molecular analyses of human VENs have been more fruitful since these techniques can be applied to postmortem human tissues. For example, a recent study using in situ hybridization (ISH) data from the Allen Brain Atlas identified ADRA1A, GABRQ and VMAT2 as VEN marker genes 27 , and a study using laser microdissection of VENs followed by RNA-sequencing identified additional potential VEN marker genes 28 . VENs have also been reported to express serotonin receptor 2B (HTR2B) and dopamine receptor D3 (DRD3) 29 , and the Schizophreniaassociated protein DISC1 4, 25 . Additionally, they express transcription factors FEZF2 and CTIP2 26 which are required for generating subcortical projection neurons in mice 30 , and this has been used as evidence that VENs are subcortically-projecting neurons, referred to here as extratelencephalic-projecting excitatory neurons (ET) (though we acknowledge that ET neurons may not strictly project to subcortical structures and may have telencephalic collaterals 31 ). However, Fezf2 is not specific for ET neurons but is also expressed in near-projecting pyramidal neurons in adult mouse 32 , and expression of many cellular marker genes is not conserved between mouse and human 33, 34 . Furthermore, many of the reported markers of VENs are not exclusive to these cells but are also expressed in fork cells and pyramidal-shaped neurons. This highly incomplete characterization leaves unresolved many questions about whether morphologically-defined VENs represent a molecularly-distinct cell type and what their other properties are.
Single cell RNA-sequencing (scRNA-seq) has emerged as an effective strategy for classifying and characterizing cell types in complex brain tissues, and single nucleus (sn) RNA-seq can be used on frozen postmortem human brain specimens 35, 36 . Applied to cortex, this approach reveals a high degree of cellular diversity, with upwards of 100 transcriptomically-defined cell types in any cortical area 33, 32, 37, 38 . Furthermore, these data enable quantitative alignment of cell types across brain regions and between species to establish identity by transcriptional similarity using new computational strategies for mapping of transcriptomic types between datasets 39, 40, 41 .
Such alignment permits prediction of cellular properties and projection targets in human based on properties described in well-studied mouse cell types 33 .
To reveal the transcriptomic signature and predict properties of VENs, we performed snRNA-seq on nuclei from layer 5 of FI and compared to similar data from mouse visual and human temporal cortex. We find a single transcriptomic cluster expressing several known markers for VENs that aligns with ET neurons in mouse cortex, as well as a putative transcriptomicallydefined ET cluster in human temporal cortex that has a distinctive regional signature compared to FI. We identify many novel markers for this cluster and demonstrate that they are coexpressed in a combination of pyramidal neurons, VENs, and fork cells. Finally, we present a case study with the first electrophysiological recordings of putative VENs, and show that they have distinctive intrinsic membrane properties from neighboring layer 5 pyramidal neurons.
Results

Transcriptomic cell types in layer 5 of FI
We employed snRNA-seq 35, 36 to profile nuclei from FI of two postmortem human brain specimens ( Fig. 1a) as previously described 42, 33 . Briefly, layer 5 was microdissected from fluorescent Nissl-stained vibratome sections of FI and nuclei were liberated from tissue by Dounce homogenization. NeuN staining and fluorescence-activated cell sorting (FACS) were used to enrich for neuronal (NeuN+) and non-neuronal (NeuN-) nuclei (Supplementary Figure   1a) . RNA-sequencing was carried out using Smart-seq2, Nextera XT, and HiSeq sequencing. In total 879 nuclei were processed for RNA-seq and were sequenced to a median of 4 million mapped reads. Median gene detection (expression > 0) was 10,339 for excitatory neurons, 9,426 for inhibitory neurons, and 6,146 for non-neuronal cells, consistent with previous reports 42, 33, 32 ( Supplementary Fig. 1b) . Iterative clustering was used as described 42, 33, 32 to group nuclei by gene expression similarity.
Briefly, high variance genes were identified while accounting for gene dropouts, expression dimensionality was reduced with principal components analysis (PCA), and nuclei were clustered using Jaccard-Louvain community detection. Clusters containing cells from only a single donor as well as nuclei mapping to low-quality outlier clusters (n=318) were excluded from further analysis, leaving a total of 561 high quality nuclei. We identified a robust set of 22 transcriptomically-defined clusters (Fig. 1b) that contained cells from both donors at roughly comparable proportions within broad classes ( Supplementary Fig. 1c, d ). Five inhibitory neuron types spanning all expected subclasses (two LAMP5 types, VIP, SST, and a LHX6+/SST-cluster corresponding to PVALB), 13 excitatory neuron types, and four major non-neuronal cell types (oligodendrocyte precursor cells, oligodendrocytes, astrocytes, and microglia) were identified (Fig. 1c) . Clusters were named using a broad class marker in combination with a highly specific marker, as described previously 33 .
Excitatory clusters in FI expressed broad class markers previously identified in human middle temporal gyrus (MTG) (Fig. 1c, d ) 33 . One cluster had high expression of the MTG upper layer marker LINC00507 and likely represents deep layer 3 pyramidal neurons sampled at the layer 3/5a boundary, since FI is agranular and does not contain layer 4. Three clusters express CTGF, a canonical marker for deep layer 6 neurons in mouse that has more widespread layer 6 expression in human 34 , suggesting these clusters represent cells captured at the layer 5b/6 border. Two clusters highly express THEMIS, which is also expressed in layer 5 and 6 excitatory neuron types in MTG 33 . Four clusters express RORB, which marks a subset of cells localized throughout layers 3-5 in MTG 33 and has a similar pattern of expression in FI (Fig. 2) . Finally, we find 3 clusters with high expression of FEZF2, previously shown to be expressed in VENs 26 ,
subcortically-projecting and near-projecting excitatory neurons in mouse cortex 32 , and several deep layer excitatory types in human MTG 33 .
Identifying a transcriptomic cell type corresponding to VENs
To characterize each cluster and determine whether one might represent VENs, we examined selective marker genes for each excitatory cluster (the top four per cluster are shown in Fig.   1d ). One cluster, Exc FEZF2 GABRQ, specifically expressed the reported VEN and fork cell markers GABRQ and ADRA1A 27 , suggesting that this cluster, but not the other two FEZF2+ clusters (Fig. 1c) , likely included VENs. Exc FEZF2 GABRQ also had the largest number of expressed genes ( Supplementary Fig. 1b) , suggesting high RNA content and perhaps correlated with the reported large size of VENs 12,1 . To confirm that Exc FEZF2 GABRQ included VENs, we looked for genes selective for one or more excitatory cell types in our dataset that also had existing ISH data in the Allen Human Brain Atlas (http://human.brain-map.org/) 43, 34 (Fig. 2a) . As previously reported 27 and supporting identification of Exc FEZF2 GABRQ as the cluster containing VENs, ISH for GABRQ and ADRA1A showed that a subset of cells in layer 5b
expressing these genes have spindle-shaped cell bodies typical of VENs (Fig. 2b) . However, not all cells labeled with GABRQ and ADRA1A had spindle-shaped cell bodies, indicating that these genes do not exclusively mark VENs. In contrast, ISH for genes expressed in other excitatory neuron types did not label cells with obviously spindle-shaped cell bodies (Fig. 2c) . In particular, both HTR2C and ALDH1A1, which were expressed in the other two FEZF2+ cell types that we found, did not label any spindle-shaped cells.
To further validate and explore the morphological cell types comprising the Exc FEZF2 GABRQ cluster, we performed multiplex fluorescent (mFISH) and double chromogenic (dISH)
ISH for cluster-specific marker genes (Fig. 2a, d ). Consistent with single gene ISH for GABRQ and ADRA1A, we find that pyramidal-shaped neurons, fork cells, and VENs are all labeled with combinations of specific marker genes for Exc FEZF2 GABRQ suggesting that this single transcriptomic type contains a mixture of morphological cell types (Fig. 2d) . To quantify the proportions of Exc FEZF2 GABRQ cells with these different morphologies, we performed dISH staining for ADRA1A+ and POU3F1+ double-positive cells because high expression of these genes coupled with significant amplification of signal intensity in the dISH method highlights the morphology of labeled cells (Fig. 2d) . 
VENs are predicted to be regionally specialized extratelencephalic-projecting neurons
New methods that enable alignment of cells between data sets based on gene expression profiles can be used to align cell types across cortical regions and across species 39, 40, 41 . This provides a mechanism for predicting cellular properties of human cell types based on measurements made in homologous cell types from model systems. For example, by performing retrograde labeling and scRNA-seq on the same cells (i.e. Retro-seq), the long-range projection specificity of each excitatory transcriptomic type in mouse cortex can be assessed 32 . Previously we showed that nearly all transcriptomically-defined cell classes and subclasses identified in human MTG can be aligned with transcriptomically-defined types in mouse anterior lateral motor cortex (ALM) and primary visual cortex (VISp), even if other features are distinct between species 33 , enabling prediction of the projection targets of homologous human types.
To shed light on the cellular properties of the Exc FEZF2 GABRQ type, we combined the present data from human FI with representative sets of cells from human MTG 33 and mouse ALM and VISp 32 into an integrated reference using Seurat (V3.0) 39, 40 . Only excitatory cells from each data set were included in the assembly, and cells from mouse data sets were grouped based on subclass, which combines cell types with matched predominant layer of soma location and longrange projection targets 32 . Eight clusters were identified using Seurat, which each contain cells from all four data sets ( Fig. 3a) and that matched with the groupings visualized through UMAP dimensionality reduction (Fig. 3b) . More importantly, nearly all cells from mouse were mapped to the cluster in the joint assembly that matched their initially assigned subclass ( 
. Evolutionary conservation of cell types between human and mouse predicts that VENs project sub-cortically. (A-B) Excitatory neurons in human FI (red), human MTG (green), mouse ALM (cyan), and mouse VISp (purple) were integrated and aligned using Seurat v3 37 with default parameters, and visualized using UMAP. (A) Cells from each data-set co-cluster, indicating good matching of types between brain regions and species. (B) Eight Seurat clusters were identified using the Louvain algorithm and labeled based on expected cortical layer and projection target (as described in C). (C) Membership of cells from excitatory clusters in each data set in the Seurat clusters. Colors indicate the fraction of total cells per cluster assigned to each Seurat cluster (rows sum to 1). Data set clusters are grouped based on maximal fraction of cells in the cluster. Cortical layer of cluster inferred based on predominant cortical layer of cells from mouse and human data sets, except for the layer 4 (L4* IT) cluster which primarily includes cells from layer 5 in structures without a layer 4. Projection targets of clusters are inferred based on known projection targets of clusters in mouse ALM and VISp (IT -intratelencephalic, ET -extratelencephalic, NP -near-projecting, CT -corticothalamic). Box highlights that the Exc FEZF2 GABRQ cluster is part of a L5 ET cluster.
Interestingly, the other two FEZF2+ clusters in FI co-cluster with near-projecting neurons in mouse, indicating that, despite the developmental role of FEZF2 in specifying subcortical projection neurons 30 , not all neurons that express FEZF2 in the adult brain project subcortically.
A summary of these results, including common markers between species, is shown in Supplementary Figure 2 .
Molecular characteristics of putative extratelencephalic neurons in human cortex
While a number of VEN marker genes have been previously described 27, 26, 44 , we find that although most of these genes are expressed in Exc FEZF2 GABRQ, very few are specific to this cluster but rather are expressed in several or many other excitatory neuron types (Supplementary Fig. 3 ). To describe a more refined set of genes selectively expressed in VENs and other putative ET neurons, we performed differential expression analysis comparing
Exc FEZF2 GABRQ to all other excitatory clusters (Methods) and identified 30 genes selectively expressed in Exc FEZF2 GABRQ (Fig. 4a) . These genes included reported markers for VENs such as GABRQ and ADRA1A, as well as many novel markers. Several genes appear to be common ET markers in mouse and human, including FAM84B, POU3F1, and ANKRD34B (Supplementary Fig. 2 ), although many more show divergent patterning between species than between region, as previously shown 33 . Interestingly, approximately half of genes enriched in Exc FEZF2 GABRQ were similarly enriched in the matching MTG ET cluster (e.g., ADRA1A) (Methods, Fig. 4b ). However, regionspecific genes were apparent for both FI (Exc FEZF2 GABRQ) and MTG (Exc L4-5 FEZF2 SCN4B), consistent with reported variation of excitatory neurons across cortical areas 32 , and more region-specific marker genes were apparent in FI (e.g. GABRQ) compared to MTG (e.g. FREM2). SnRNA-seq data suggested that the proportion of putative ET neurons may also vary between MTG and FI (Fig. 4c) . To further examine this difference in situ we used mFISH to count the fraction of total excitatory cells (SLC17A7+) in layer 5 that also express the ET marker gene POU3F1 (Fig. 4c, d ). In agreement with snRNA-seq data, mFISH counts showed that a substantially higher fraction of putative ET cells was found in FI than in MTG. Together these results indicate that, while the primary features of putative ET neurons in human are conserved across cortical areas, ET neurons in FI appear to be more abundant and have a greater number cluster-enriched genes (Fig. 4) and more diverse cellular morphologies than those in MTG (Fig. 2, 4) .
Intrinsic membrane properties of putative VENs
ET neurons possess distinctive intrinsic membrane properties from neighboring non-ET neurons 45, 46 . To test whether VENs also have distinctive electrophysiological properties, we took advantage of a very rare opportunity to perform single neuron patch clamp recordings in human insula ex vivo brain slices from a single human donor. In this case study, peri-tumor insula tissue was removed from the brain of a 68-year-old female patient to access a deep brain tumor located in the left insula/putamen region ( Fig. 5a-c) . We performed whole-cell patch clamp recordings from large spindle-shaped neurons (putative VENs) in layer 5 (n=3) and nearby (presumably non-ET) pyramidal neurons for comparison (n = 5). A biocytin cell fill was also recovered for one recorded VEN (Fig. 5d) , with confirmed layer 5 localization based on soma location (1.7
mm from the pial surface of the slice) in the DAPI stain. This cell displayed the expected large spindle-shaped morphology with large caliber bipolar dendrites that extended into layer 6 (descending trunk), as well as towards the pial surface into upper layer 3 (ascending trunk). Dendritic branching was very simple, but with notable short and wispy lateral branches concentrated proximal to the soma. The axon could not be readily distinguished from these finer dendrites. The fill quality was not sufficient to make out clear dendritic spines; however, these recorded VENs appear to have a lower spine density than recorded pyramidal cells, which would be consistent with previous reports based on Golgi staining 3 .
We observed marked differences in the suprathreshold response of putative VENs versus neighboring pyramidal neurons in response to 1s current injection steps (Fig. 5e-h) . Specifically, VENs produced fewer action potentials in response to a given level of current injection. This difference may be related to differences in spike timing during a train of action potentials;
putative VENs displayed higher variability in spike timing and greater spike frequency accommodation than neighboring pyramidal neurons. All putative VENs displayed brief pauses and prominent subthreshold membrane oscillations during sustained firing. Although this result was not statistically significant (p>0.05), the differences in average input resistance of the putative VENs (61 ± 14 Mohms, mean ± standard error [SE]) compared with neighboring pyramids (113 ± 25 Mohm, mean ± SE) may also contribute to differences in firing of these morphologically-distinct types.
Discussion
To determine if VENs represent a discrete transcriptionally-defined cell type, we applied snRNA-seq to classify neurons in FI layer 5 and carried out cross-species homology mapping to make predictions about VEN cellular phenotypes that are difficult to measure in human tissues.
We define 13 excitatory neuron types, including one type (Exc FEZF2 GABRQ) that contains all
VENs, but also neurons with fork and pyramidal morphologies. This approach identified many novel and selective marker genes of VENs and other excitatory neuron types that will facilitate better identification and study of these populations in situ. However, consistent with all published studies to date, we do not find a molecular signature that can distinguish VENs from transcriptionally similar fork or pyramidal neurons that comprise the Exc FEZF2 GABRQ type.
One possibility is that these cells are not molecularly distinct in the adult, but rather represent a spectrum of morphologies established during development within a broader excitatory cell class.
Alternatively, the current study may have lacked the power to discriminate closely related VEN and pyramidal neuron types due to the rarity of VENs relative to all excitatory neurons in layer 5
and lack of a way to specifically enrich for these cells in human. Supporting this latter idea, However, VEN projections might not be restricted to ET targets as the tract-tracing study above indicates that some VENs project to both ipsilateral and contralateral cortical targets, potentially including VEN populations within homologous structures of the contralateral hemisphere 25 .
These results suggest that, like rosehip neurons 42 and interlaminar astrocytes 33 , VENs may represent species-specific morphological specialization of an evolutionarily shared cell type.
Furthermore, we recently used homology mapping in human MTG and identified a putative ET type homologous to mouse ET types 33 . This MTG ET type aligns to the FI ET type, and much of the ET molecular signature is shared between FI and MTG. However, many genes are expressed selectively by the FI type that are distinct from MTG. MTG has not been shown to contain VENs, and putative ET cells in MTG appear to have pyramidal neuron morphology (Fig. 4) 33 ,
suggesting that VENs and fork cells might represent within-species regional specialization of a common class of large, subcortically-projecting excitatory neurons.
Selective loss of VENs and fork cells in FI and ACC has been proposed to contribute to several neuropsychiatric disorders characterized by social-emotional deficits 20, 18, 19, 21, 47, 16 . Many of these disorders show dysfunction of the salience network 47 , which has key nodes in these same brain regions 48 and coordinates the brain's responses to behaviorally-relevant stimuli 49 , suggesting a direct link between VEN loss and dysfunction. Additionally, the salience network has functional connectivity in several subcortical areas including parts of amygdala, striatum, dorsomedial thalamus, and substantia nigra 48 , consistent with the predicted projection targets of VENs.
However, our results suggest the possibility that bvFTD and other neuropsychiatric disorders targeting FI might result from loss of ET neurons more generally, rather than exclusive loss of VENs and fork cells. The novel markers identified here for ET neurons and other excitatory types provide numerous opportunities for a refined analysis of disease-related loss of excitatory neurons. Importantly, despite the lack of VENs in rodent brains, mouse models of bvFTD are surprisingly effective at recapitulating histopathological 50 
Methods
Postmortem tissue donors
After obtaining permission from decedent next-of-kin, postmortem adult human brain tissue was for RNA-sequencing in this study were from two control Caucasian male donors who died from cardiovascular-related issues, aged 50 (H200.1025) and 54 (H200.1030) years, as previously described 42 .
Tissue processing and isolation of nuclei
Whole postmortem brain specimens were processed as previously described 42, 33 . For RNAsequencing experiments, frontoinsula (FI) was identified on slabs of interest and vibratome sectioned as described 42, 33 (Fig. 1) . Layer 5 was microdissected from vibratome sections stained with fluorescent Nissl. Mouse monoclonal anti-NeuN antibody (EMD Millipore, MAB377) was applied to nuclei preparations followed by secondary antibody staining (goat anti mouse Alexa
Fluor 594, ThermoFisher), and single-nucleus sorting was carried out on a BD FACSAria Fusion instrument (BD Biosciences) using a 130 µm nozzle following a standard gating procedure as previously described (Supplemental Fig. 1 ) 42, 33 . Approximately 10% of nuclei were NeuNnegative non-neuronal nuclei. Single nuclei were sorted into 96-well PCR plates (ThermoFisher Scientific) containing 2 µL of lysis buffer (0.2% Triton-X 100, 0.2% NP-40 (Sigma Aldrich), 1 U/µL RNaseOUT (ThermoFisher Scientific), PCR-grade water (Ambion), and ERCC spike-in synthetic RNAs (Ambion). 96-well plates were snap frozen and stored at -80 °C until use.
Positive controls were pools of 10 nuclei, 10 pg total RNA, and 1 pg total RNA.
cDNA and sequencing library preparation
Single nucleus cDNA libraries were prepared using Smart-seq2 with minor modifications as previously described 42 . Sequencing libraries were prepared using Nextera XT (Illumina) with input cDNA at 250 pg per reaction; reactions were carried out at 1/4 the volume recommended by the manufacturer with a 10 minute tagmentation step. Libraries were sequenced on a HiSeq 4000 instrument (Illumina) using 150bp paired-end reads.
RNA-seq processing
SnRNA-seq data was processed and analyzed as previously described 36, 42 . Briefly, following demultiplexing of barcoded reads generated on the Illumina HiSeq platform, the amplification (cDNA and PCR) and sequencing primers (Illumina) and the low-quality bases were removed using 
RNA-seq quality control
To remove data from low-quality samples before downstream analysis, we implemented a random forest machine-learning classification approach as previously described 42, 68 . The overall workflow for sample quality classification and filtering was to (i) establish a training set using a representative subset of samples, (ii) collect a series of 108 quality control metrics (for example, percent unique reads, percent reads surviving trimming, transcript isoform counts) spanning both the laboratory and data analysis workflows as model features, (iii) use these training data and quality control metrics to build a classification model using the random forest method, and (iv) apply the model to the entire dataset for quality classification and data filtering. 
Gene expression calculation
For each nucleus, expression levels were estimated based on the scaled coverage across each gene. Specifically, bam files were read into R using the readGAlignmentPairs function in the GenomicAlignments library, and genomic coverage was calculated using the coverage function in GenomicRanges 69 . All genes in GENCODE human genome GRCh38, version 21 (Ensembl 77; 09-29-2014) were included, with gene bounds defined as the start and end locations of each unique gene specified in the gtf file (https://www.gencodegenes.org/releases/21.html). Total counts for each gene (including reads from both introns and exons) were estimated by dividing total coverage by twice the read length (150 bp, paired end). Expression levels were normalized across nuclei by calculating counts per million (CPM).
Clustering nuclei
Nuclei and cells were grouped into transcriptomic cell types using an iterative clustering procedure as described in Boldog et al. 42 . Briefly, intronic and exonic read counts were summed, and log2-transformed expression (CPM + 1) was centered and scaled across nuclei.
Differentially expressed genes were selected while accounting for gene dropouts, and principal components analysis (PCA) followed by t-distributed stochastic neighbor embedding (t-SNE) 70 was used to reduce dimensionality. Nearest-neighbor distances between nuclei were calculated, and segmented linear regression (segmented R package) was applied to estimate the distribution breakpoint to help define the distance scale for density clustering. The statistical significance of the separation of clusters identified by density clustering was evaluated with the R package sigclust 71 , which compares the distribution of nuclei to the null hypothesis that nuclei are drawn from a single multivariate Gaussian. Iterative clustering was used to split nuclei into subclusters until the occurrence of one of four stop criteria: (i) fewer than 6 nuclei in a cluster (because it cannot be split due a minimum cluster size of 3), (ii) no significantly variable genes, (iii) no significantly variable principal components, or (iv) no significant subclusters.
To assess the robustness of clusters, the iterative clustering procedure described above was repeated 100 times for random subsamples of 80% of nuclei. A co-clustering matrix was generated that represented the proportion of clustering iterations in which each pair of nuclei was assigned to the same cluster. Average-linkage hierarchical clustering was applied to this matrix, followed by dynamic branch cutting (R package WGCNA) with cut heights ranging from 0.01 to 0.99 in steps of 0.01. A cut height resulting in 25 clusters was selected to balance cohesion (average within cluster co-clustering) and discreteness (average between cluster co-clustering) across clusters. Finally, gene markers were identified for all cluster pairs, and clusters were merged if they lacked binary markers (gene expressed in > 50% nuclei in first cluster and < 10%
in second cluster) with average CPM > 1. Clusters were marked as outliers and excluded from analysis if they contained lower quality nuclei based on QC metrics or expression of mitochondrial genes.
Cluster names were defined using an automated strategy that combined molecular information (marker genes) and anatomical information (layer of dissection contained more than one cluster were assigned a cluster-specific marker gene. These marker genes had the greatest difference in the proportion of expression (CPM > 1) with a cluster compared to all other clusters regardless of mean expression level. In some cases the most specific marker gene was the subclass marker (SST and VIP).
Scoring cluster marker genes
Many genes were expressed in the majority of nuclei in a subset of clusters. A marker score (beta) was defined for all genes to measure how binary expression was among clusters, independent of the number of clusters labeled. labeled. First, the proportion (xi) of nuclei in each cluster that expressed a gene above background level (CPM > 1) was calculated. Then, scores were defined as the squared differences in proportions normalized by the sum of absolute differences plus a small constant (ε) to avoid division by zero. Scores ranged from 0 to 1, and a perfectly binary marker had a score equal to 1.
Enrichment marker genes
Genes were defined as enriched in Exc FEZF2 GABRQ if they met the following criteria: 1) they
were expressed in at least half the cells in Exc FEZF2 GABRQ, 2) they were expressed in fewer than half the cells in every other cluster, 3) they were expressed in at least 25% more cells in Exc FEZF2 GABRQ than in any cluster, and 4) the average expression in Exc FEZF2 GABRQ was at least two-fold higher than every other cluster. Thirty-two genes met these criteria.
Cluster dendrograms
Clusters were arranged by transcriptomic similarity based on hierarchical clustering. First, the average expression level of the top 1200 scoring cluster marker genes (highest beta scores, as above) was calculated for each cluster. A correlation-based distance matrix ( = 1− ( , )
2 ) was calculated, and complete-linkage hierarchical clustering was performed using the "hclust" R function with default parameters. The resulting dendrogram branches were reordered to show inhibitory clusters followed by excitatory clusters, with larger clusters first, while retaining the tree structure. Note that this measure of cluster similarity is complementary to the co-clustering separation described above. For example, two clusters with similar gene expression patterns but a few binary marker genes may be close on the tree but highly distinct based on co-clustering.
Gene expression visualization
Gene expression (CPM) was visualized using heat maps and violin plots, which both show genes as rows and nuclei as columns, sorted by cluster. Heat maps display each nucleus as a short vertical bar, color-coded by expression level (blue = low; red = high), and clusters were ordered as described above. The distributions of marker gene expression across nuclei in each cluster were represented as violin plots, which are density plots turned 90 degrees and reflected on the y axis. Black dots indicate the median gene expression in nuclei of a given cluster; dots above y = 0 indicate that a gene is expressed in more than half of the nuclei in that cluster.
Colorimetric in situ hybridization
Information about postmortem tissue donors and methods used for colorimetric in situ 
Dual chromogenic in situ hybridization
Dual chromogenic in situ hybridization (dISH) was performed using the RNAscope 2.5 HD Duplex Assay Kit (ACD Bio) per the manufacturer's protocol. Experiments were performed using fresh-frozen tissues sectioned at 16-25 μm onto Superfrost Plus glass slides (Fisher Scientific) and sections were counterstained with hematoxylin to visualize nuclei.
Scoring of morphological types using dual chromogenic in situ hybridization
Staining for the EXC FEZF2 GABRQ markers ADRA1A and POU3F1 was carried out using 
Electrophysiology
Electrophysiological experiments were performed as reported previously 53 . Briefly, the surgical specimen was sectioned into 300 μm thick slices using a Compresstome VF-200 (Precisionary Instruments) in a solution composed of (in mM): 92 with N-methyl-D-glucamine (NMDG), 2. EGTA, 10 Phosphocreatine-Na2, 4 Mg-ATP, 0.3 Na2-GTP, 0.5% biocytin and .020 Alexa 594.
Pipette capacitance was compensated and the bridge was balanced throughout the recording.
Data were analyzed using custom analysis scripts written in Igor Pro (Wavemetrics). All measurements were made at resting potential. FI curves were constructed by measuring the number of action potentials elicited by 1 s long current injections of increasing amplitude (Δ50 pA). Spike frequency accommodation was determined from the current injection yielding 10 ± 2 spikes and was calculated as the ratio of the last to the second interspike interval. The coefficient of variation of spike times was calculated from the same sweep.
Quantification of putative extratelencephalic (ET) neurons
The fraction of ET neurons in FI and MTG was estimated using both mFISH and RNA-Seq. 
Cross-species data integration
To assess cross-species cell type homology, excitatory cells (mouse) or nuclei (human) collected from human FI (these data), human MTG 33 , mouse VISp, and mouse ALM 32 were compared.
Log2-transformed CPM of intronic plus exonic reads was used as input for all four datasets.
Including exonic reads increased experimental differences due to measuring whole cell versus nuclear transcripts, but this was out-weighed by improved gene detection. To the extent possible, a matched subset of cells was included as input to Seurat. In human MTG, we included all cells dissected from layers 4 or 5 that were mapped to excitatory clusters with at least 10 total cells from layer 5, including up to 50 randomly sampled cells per cluster (for a total of 616 nuclei); cells from layer 4 were included since FI does not contain a layer 4. In mouse VISp and ALM, cells were grouped by subclass (rather than cell type) and we selected 100 random cells per subclass (for a total of 700 in ALM, which does not contain layer 4, and 800 in VISp). All genes that could be matched between data sets, except a set of sex and mitochondrial genes, were considered.
These data sets were assembled into an integrated reference using Seurat V3 (https://satijalab.org/seurat/) 39, 40 following the tutorial for Integration and Label Transfer and using default parameters for all functions, except when they differed from those used in the tutorial. More specifically, we first selected the union of the 2,000 most variable genes in each data set (using FindVariableFeatures with method="vst"). Next, we projected this data sets into subspace based on common correlation structure using canonical correlation analysis (CCA) followed by L2 normalization, and found integration anchors (cells that are mutual nearest neighbors between data sets) in this subspace. Each anchor is weighted based on the consistency of anchors in its local neighborhood, and these anchors were then used as input to guide data integration (or batch-correction), as proposed previously 72 . We then scaled the data, reduced the dimensionality using principal component analysis, and visualized the results with Uniform
Manifold Approximation and Projection (UMAP) 73 . We defined homologous cell types by constructing a shared nearest neighbor (SNN) graph on the integrated data sets based on the Jaccard similarity of the 10 nearest neighbors of each sample. Louvain community detection was run to identify clusters that optimized the global modularity of the partitioned graph. Data set clusters are grouped based on the maximal fraction of cells in these Seurat-assigned cluster, which were nearly perfectly aligned for most subclasses, including ET. Changes in parameters did not change the integration of cluster Exc FEZF2 GABRQ with mouse ET clusters.
Data availability
Raw and aligned data have been registered with dbGaP (https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs001791.v1.p1) and have been deposited in the NeMO archive (https://nemoarchive.org/). Specific links to these controlled-access data will be included on the dbGaP site once they become available.
Code availability
Custom R code and count data used to generate transcriptomics related figures can be downloaded from https://github.com/AllenInstitute/L5_VEN.
